ABSTRACT Advanced signal processing methods combined with automatic fault detection enable reliable condition monitoring even when long periods of continuous operation are required. The parameters x (3) and x (4) are very suitable for the condition monitoring of slowly rotating bearings, as although the acceleration pulses are weak and occur at long intervals, the changes in acceleration are rapid and become emphasised upon differentiation of the signal x (2) . Grounds for the need of x (-n) signals, i.e. integration of displacement n times with respect to time, have been indicated. In addition, derivatives where the order is a real number α or a complex number α+βi have been developed. These signals can be utilized in process or machine operation by combining the features obtained from the derivatives. The importance of each derivative is defined by weight factors.
INTRODUCTION
Any attempt to detect different types of machine faults reliably at an early stage requires the development of improved signal processing methods. Vibration measurements provide a good basis for condition monitoring. Elevated signal levels are detected in fault cases. Early vibration measurements used displacement x = x(t) as the measurement parameter, which was quite natural, because the measuring instruments employed were mechanical or optical. The next step was the adoption of velocity i.e. x (1) signals, which were obtained either by differentiating displacement or using sensors whose output was directly x (1) . The drawback with the signals x and x (1) is that they do not usually allow the detection of impact-like faults at a sufficiently early stage. Examples of these faults are defective bearings and gears. However, e.g. unbalance and misalignment can be detected successfully with x and x (1) . Acceleration measurements have been made more frequently upon the introduction of accelerometers. The signals x and x (1) can be obtained from the x (2) signal through analog or numerical integration. It should be noted that before the adoption of accelerometers, the x (2) signal could be generated from the x signal by means of an analog differentiator. In his publication of 1982, Smith used the jerk, i.e. x (3) signal, when examining slowly rotating bearings [1] . The first time derivative of acceleration had already been used earlier for assessing the comfort of travelling in designing lifts, for instance, where there is a need to ensure that acceleration changes do not exceed certain limit values. Higher, real and complex order derivatives bring additional methods to signal processing, and the order of derivation can also be a negative or positive integer, a real value or a complex value. These alternatives have been discussed in [11] , and Section 2 is mostly based on that study.
Vibration indices based on several higher derivatives in different frequency ranges were already introduced in 1992 [2] . Operating conditions can be detected with a Case-Based Reasoning (CBR) type application with linguistic equation (LE) models and Fuzzy Logic. The basic idea of the LE methodology, which was introduced in 1991, is the nonlinear scaling that was developed to extract the meanings of variables from measurement signals [3] . A large set of previously collected measurements has been analysed with intelligent models based on these new features. This paper deals with higher order and complex derivatives in processing vibration measurements, feature extraction and model based fault detection. Examples are taken from experimental systems and real machines and process equipments.
SIGNAL PROCESSING
Lahdelma introduced the ) 
(
x signal, which he used for examining the condition of an electric motor, also stating grounds for the use of even higher order derivatives x (n) , where n is a positive x are given in [4] . The publication [2] also indicated grounds for the need of x (-n) signals, i.e. the question is of integrating displacement n times with respect to time. These signals have been employed when examining oil whirl in a sleeve bearing [5] , enabling the difficulties that were encountered in the use of velocity rootmean-square values, i.e. values, for instance [5] . Here, -3 means that the displacement has been integrated three times with respect to time. x signals have been in routine use in the Finnish pulp and paper industry since the end of 1995. They have been applied to monitoring the condition of very slowly rotating machines in particular in order to obtain extra sensitivity in the early detection of bearing faults, for example. In addition, they have been used successfully in examining cavitation in water turbines [6, 7] . Other examples of the use of ) 
x are given in [5] . In 1995, Lahdelma presented grounds [5] [2, 6 ] ∈ α with a stepsize of 0.25. In the example case the best results with kurtosis and peak value were obtained when α was 4.5 and 4.75, respectively.
In 1999, Lahdelma presented grounds for the use of time derivatives of complex order in condition monitoring [9] , deriving the necessary expressions that can be used for calculating . The use of complex-order derivatives increases the number of signals from which a signal with the best sensitivity is selected in order to detect the desired faults. Here, sensitivity means the relation between the features of a faulty and an intact object. The feature can be, for example, a signal's root-mean-square value, peak value or kurtosis.
Let us assume that the periodic signal has the Fourier series expansion ), sin( ) (
where X k denotes the amplitude of the kth harmonic, φ k is its phase angle, ω 1 is the fundamental angular frequency, and . 0 0 ≡ X We define the complex derivative x (z) for this signal by
The measurement data from the investigations [10] are used to point out the advantages and new aspects that can be obtained when moving over from α to i β α + . The application of the complex-order derivative to the acceleration signal is not a restricting element. It can equally well be applied to other signal types as well, such as pressure signals.
The order of derivative can be chosen from the complex plane (Figure 1 ). The complex derivative has been examined with a spherical double-row roller bearing of type SKF 24124 CC/W33, which is used in felt guide rolls in paper machines, for instance. A summary of the results obtained at rotation frequency 2.0 Hz is shown in Figure 2 , where the feature is the peak value, and [ ] . This area also includes acceleration and higher derivatives x (3) and x (4) (Figure 1 ). The peak value denotes the highest absolute value of a measured signal. In the calculations 0.25 was used as a step of α, while that for β was 0.2. The best sensitivity was obtained when α = 4.5 and β = 1.0 and its value was 7.0240. When β=0, i.e. a purely real-order derivative signal ) (α x was concerned, the highest sensitivity was 7.0157, when α = 4.75. When β = 2, the sensitivity curve runs smoothly, and almost throughout a better sensitivity can be reached than in cases where β = 0 or β = 1, though the sensitivity was best when β = 1. It must be noted, however, that in the example case the use of a complex derivative did not give any appreciable extra benefit from the point of view of maximum sensitivity. The results have been discussed in more detail in [11] . An interesting finding here is that although one-channel measurements were made, a three-dimensional signal
was obtained from the acceleration signal on account of the nature of the complex derivative. The projection of this three-dimensional signal in the complex plane resembles the orbit obtained in a two-channel measurement. As seen in Figure 4 , the faulty bearing can be detected very easily when β = 1, as the impact-like fault is evidently revealed by the fairly circular curves located around the black centre. This centre turned smaller when the bearing was changed. The projections could be utilised in automatic fault detection by applying different types of pattern recognition methods, for instance. , where α 1 and α 2 are real numbers, can provide useful information, especially for monitoring with regard to time. Poincaré's maps are special cases of these plots. in the complex plane, on the left for a faulty roller bearing and on the right for an intact bearing. The measurements were performed in the frequency range 3-2000 Hz. The fault was on the bearing's inner race and the rotation frequency was 2 Hz. [11] 
FEATURE EXTRACTION
A test rig was used for simulating the following faults: rotor unbalance, coupling misalignment, bent shaft and three different bearing faults [12] . There was a small scratch either on the inner race, the outer race or the rolling element of the bearings,. Two levels of rotor unbalance were introduced on the drive shaft. There were three different coupling misalignments between the motor and input shaft. The driven shaft was bent in one test run. Measurements were made with five rotation speeds, and the same measurements were repeated for normal fault free operation. Other operating conditions except rotation speed remained similar in all cases. The acceleration measurement range was 3-10700 Hz. Two features, root-mean-square acceleration Cavitation in water turbines has often been examined with standard ) 1 ( rms x measurements in the frequency range 10 -1000Hz or by selecting 1 Hz as the lower cut-off frequency. However, practical experiences have shown that this analysis does not provide a sufficient picture of cavitation in the case of Kaplan turbines. Higher order time derivatives have been used to improve this analysis [6, 13] . The turbine operates with a constant rotational speed and the power is controlled by changing the water volume flow rate. The acceleration measurements were performed vertically on the supporting bearings at 29 power levels between 1.5 and 59.4 MW. In addition, an analogue vibration meter MITSOL D-94 was used for measuring the peak value of The distribution of the signal values is important, which was seen in monitoring the condition of the support rolls of a lime kiln [14] . Fault situations were detected as a high number of strong impacts ( Figure 5 ). (1) , x (3) and x (4) for a faulty case in the support rolls of a lime kiln, the bins of the histograms are based on the standard deviation σn of the corresponding signal x (n) in the following way: 2σ n ≤ x (n) < 3σ n , 3σ n ≤ x (n) < 4σ n , 4σ n ≤ x (n) < 5σ n , and x (n) ≥ 5σ n where n is the order of derivative. [14] Velocity [15] . Standard deviations were calculated on three frequency ranges: 10-1000 Hz, 10-10000 Hz and 10-50000 Hz. Unbalance was clearly detected on the basis of the standard deviations obtained from the lowest frequency range. Several signals had to be combined for detecting the other faults. In this case the rotation frequency was in the range 65-525 Hz.
Very slowly rotating bearings in washers were analysed in [15] . As there are very few peaks, the rms values are very insensitive to the faults in this case ( Table 1 ). The peak values are much better, even better than the crest factor if the frequency range is selected correctly. 
CONDITION INDICES

Vibration indices
Vibration signals can be utilized in process or machine operation by combining features obtained from derivatives. Vibration indices based on several higher derivatives in different frequency ranges were already introduced in 1992. Dimensionless vibration indices were represented by 
where i c , i=0,1,…n, are weight factors of displacement, velocity, acceleration and the higher derivatives of displacement [2] . The frequency ranges can be specific for each measurement feature .
Appropriate frequency ranges are selected for technical diagnostics. The frequency ranges shown in Figure 6 were found appropriate in a paper machine.
These indices provide useful information about different faults, and even more sensitive solutions can be obtained by selecting suitable features. In the paper machine application, the rms displacement is suitable for unbalance and misalignment at least in slowly rotating rolls. The term ) 0 ( 0 rms x c accounts for the severity of these faults. The rms velocity ) 1 ( rms x provides information on the shape of the rolls, unbalance and misalignment, condition of the cogwheels in the drying section, misalignment of electric motors and thyristor problems [2] The results obtained for the paper machine are widely applicable to several machines and process equipment. An appropriate frequency range should be selected according to fault type. This was clearly demonstrated in fault detection for fast rotating bearings [15] . For fans, the vibration index can be simplified to . 
Each ratio of the rms values is an indication of a specific fault when the ratio is greater than one, or a very good condition when the ratio is much less than one. or by the area of the smallest rectangle which contains all the values of the signal x (z) in a chosen time interval (Figures 3 and 4 ).
Nonlinear scaling
The vibration indices described above are dimensionless and normalized. However, the analysis can be further improved by taking into account nonlinear effects [3, 12, 13, 14, 15] . 
For the test rig, the nonlinear scaling was applied for the rotation speed and five featureskurtosis, rms acceleration, jerk and rms velocity -in two frequency ranges (Figure 7) . The intelligent cavitation indicator developed for a Kaplan turbine is based on the nonlinear scaling of two features: the peak height and the fraction of the peaks exceeding the normal limit [13] . The indicators obtained from velocity x (1) and higher derivatives x (3) and x (4) were tested by comparing the calculated indices with the sound of the recorded acceleration signals and analysing the signals with an oscilloscope in a wide power range [13] . In the lime kiln, membership definitions were developed for the features representing the distribution of the signals [14] . 
FAULT DIAGNOSIS
Operating conditions can be detected with a Case-Based Reasoning (CBR) type application with linguistic equation (LE) models and Fuzzy Logic [17, 18, 19] . The basic idea of the LE methodology introduced in 1991 is the nonlinear scaling, which was developed to extract the meanings of variables from measurement signals. Linguistic equation (LE) models are linear equations
where X j is a linguistic level for the variable j, j=1...m. Each equation i has its own set of interaction coefficients A ij , j=1...m. The bias term B i was introduced for fault diagnosis systems. Various fuzzy models can be represented by LE models, and neural networks and evolutionary computing can be used in tuning. Individual LE modules can be transformed to fuzzy rule-based systems. The condition monitoring applications are similar to the applications intended for detecting operating conditions in the process industry [20] .
LE models are usually developed for normal operation and fault cases. Each equation in the case models is compared with the scaled data, and the residual, or fuzziness, is used to evaluate how well the features fit to the model. A degree of membership is calculated for each equation by comparing the fuzziness with the distribution of the fuzziness in the train data. A specific weight factor is set to each equation: a high weight to very sensitive equations and low weight to insensitive ones. Classification is based on the degrees of membership developed for each case from the membership degrees and weights of the equations. Several alternative fuzzy approaches can be compared in approximate reasoning.
A large set of previously collected measurements has been analysed with intelligent models based on these new features. The features are generated directly from the higher order derivatives of the acceleration signals, and the model can be based on data or on expertise. The model extends the idea of dimensionless indices to nonlinear systems.
Test rig
A CBR type approach was used for the test rig [12] : linguistic equations with 6 variables were developed for each measurement point. The classification results were very good ( Figure 8 ).
There are some faulty classified measurements but the mistakes are very logical, e.g. small unbalance and normal state. Misalignment increases when moving from class 5 to class 7. A small misalignment and the normal state are also close to each other. In all the ten cases, mistakes only occur between very similar classes. The system placed practically all the bearing faults into the right classes. However, it is impossible to identify bearing failure type from selected measurements parameters. Correctly classified bearing fault cases are based on the ability of the system to identify the criticalness of the fault. Since the difference between the bearing faults was more prominent than the difference between misalignment cases, there is more confusion in the misalignment classes. 
Cavitation
For cavitation monitoring, cavitation indices are constructed as a sum of the linguistic values of the two features, the peak height and the fraction of the peaks exceeding the normal limit. The cavitation indices provide indication for both clear cavitation and clearly good operation. Values -2 and -1 indicate good operating conditions. Value 1 corresponds to clear signs of cavitation, and value 2 means a very strong indication of cavitation. Operating conditions should be studied more carefully if the values are close to zero.
Variation with time can be handled as uncertainty by presenting the indices as time-varying fuzzy numbers. The classification limits can also be considered fuzzy. The reasoning system will produce degrees of membership for different cases. The classification results obtained from the experimental cases involving the water turbine were very good and logical. Different cavitation types, some causing low frequency vibration on structure and some only leading to fast impacts, can be identified. As even very small changes in cavitation are detected by the cavitation index, the results are very promising for the early detection of cavitation. Cavitation monitoring is based on the following steps [13] :
• Calculating the two features: o the peak height, H, as an appropriate mean of the highest peaks, and o the fraction F of the values exceeding the normal range.
• Calculating the corresponding linguistic features f -1 (H) and f -1 (F).
• Calculating the cavitation index, I cav .
• If I cav ≤ -1, the operating conditions are cavitation-free,
, cavitation in the low power range, o Else cavitation in the high power range.
• Else continuing the analysis for detecting possible short periods of cavitation.
The indicators detect the normal operating conditions, which are free of cavitation, and also provide a clear indication for cavitation already at an early stage. The index obtained from x (4) is the best alternative but also the index obtained from x (3) provides good results throughout the power range. An automatic monitoring can be based on the following steps: detecting normal conditions, cavitation and the type of cavitation. The cavitation indicator also provides warnings of a possible risk on short periods of cavitation. Uncertainties can be taken into account by extending the feature calculations and classification rules to fuzzy set systems.
Lime kiln
In the lime kiln application, the features were combined with a linguistic equation (9) . The interaction coefficients A ij , j=1...6, are based on expertise: large values for the features σ 4 and the fractions F 4k , k=4 and 5 are related to faulty situations, and large values for the fractions F 4k , k=1…3 are obtained in normal conditions. The condition index IC is a number between -2 and 2. The matrix A = [-2 1 1 1 -1 -1 -1] includes the coefficients for the features and the condition index. As the bias term is zero, the index IC corresponds to the bias term in the same way as in [11] .
The condition index developed for the supporting rolls of a lime kiln provides an efficient indication of faulty situations. Surface damage is clearly detected and friction increase is indicated at an early stage. The features are generated directly from the higher order derivates of the acceleration signals, and the model is based on expertise. All the supporting rolls can be analysed using the same system. Tuning and testing of the condition index will be continued with measurements available in a large database. [14] 
Fast rotating bearings
For fast rotating bearings, the condition index is a sum of the scaled standard deviations of the signal x (4) calculated for three frequency ranges. The faults are correctly detected ( Figure 9 ) with the algorithm:
• Calculating the condition index.
• The condition is normal if Ind < -5…-4.
• There is an outer race fault in the bearings if Ind < 0.
• The condition is unbalance if the index for the low frequency range is very high, • Otherwise the condition is inner race fault in the bearings. 
CONCLUSIONS
Vibration measurements provide a good basis for condition monitoring, as elevated signal levels are detected in fault cases. More sensitive signals can be achieved with higher order derivatives, and complex derivatives provide interesting new graphical representations. The order of derivation can be chosen from the complex plane. Feature selection depends very much on the problem. Widely used rms values are important in many applications, but the importance of the peak values increases in slowly rotating machines. Further details can be introduced by analysing signal distributions.
Vibration indices combine the effects of several features for detecting faults. There are various alternatives: the same features can be chosen from several derivative signals, or several features of the same signal can be used. Also the frequency ranges can be specific to the signals or the same type of signal can be obtained from different frequency ranges. The analysis can be further improved by taking into account nonlinear effects with linguistic equations. A set of models can be used for detecting operating conditions according to the principles of case based reasoning (CBR). An even more efficient approach is to combine several indices into one condition index which classifies different faults or the severity of a specific fault.
